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Traditional studies of memory for meaningful narratives focus on specific stories and their semantic
structures but do not address common quantitative features of recall across different narratives. We
introduce a statistical ensemble of random trees to represent narratives as hierarchies of key points, where

each node is a compressed representation of its descendant leaves, which are the original narrative
segments. Recall from this hierarchical representation is constrained by working memory capacity. Our
analytical solution aligns with observations from large-scale narrative recall experiments. Specifically, our

model explains that (1) average recall length increases sublinearly with narrative length and (2) individuals
summarize increasingly longer narrative segments in each recall sentence. Additionally, the theory predicts
that for sufficiently long narratives, a universal, scale-invariant limit emerges, where the fraction of a

narrative summarized by a single recall sentence follows a distribution independent of narrative length.

DOI: 10.1103/glcz-wkll

Narratives are a naturalistic form of stimuli for examin-
ing the structure and organization of human cognition
[1-6]. Bartlett’s classic work [7] established a link between
narrative memory and comprehension, noting significant
individual variations in both. Later studies highlighted that
narrative comprehension and recall are deeply connected
with semantic knowledge and schemas, which aid in inter-
preting new information using prior knowledge [8—11]. It
appears therefore that the complexity of meaningful memory
cannot be captured by simple models with a few postulates.
In contrast, psychological studies often relate memory to
linguistic organization without predicting quantitative recall
features [12,13], unlike studies of random materials, which
yield numerous quantitative results [14]; for example, some
of the authors developed a model predicting the relationship
between recalled items and retained items, well supported by
experiments [15]. Unlike random lists, narratives have
complex structures across abstraction levels, and recall is
not just about word count since people do not recall mean-
ingful material verbatim. Recall length alone may not
indicate quality, as a concise summary can better convey
meaning than a longer, unstructured recall. Thus, a relevant
theory must address these complexities. The model presented
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below is inspired by recent large-scale narrative experiments
[16]. Unsurprisingly, we observed that recall is qualitatively
different from that of random lists: People tend to recall
information from the narrative in the same order as it is
presented [16,17], as opposed to much more variable recall
order of random lists [18-20]. For longer narratives, people
compress progressively larger pieces of information from the
narrative into single sentences, resulting in a sublinear
growth of recall length with the narrative size [16].

In the current study, we show that despite the more
complex nature of meaningful recall, the above statistical
regularities can be captured by mathematical modeling. To
this end, we propose a simplified model of narrative recall
that focuses on describing the statistical aspects of recall
across large populations of people rather than addressing
individual differences between people and narratives.

Our model is based on two basic principles. The first
principle describes the memory encoding of a narrative.
Following multiple previous studies, we consider a narra-
tive as a linear sequence of clauses, i.e., the shortest
meaningful pieces of text (see, e.g., [21]). We assume,
however, that after people comprehend the narrative, they
form a treelike memory representation of it where, at each
level of the tree, information units of a given level of
abstraction are encoded [22-24], with each unit represent-
ing a summary of a specific segment of the narrative. In
particular, the root of the tree represents the whole
narrative; the upper-level nodes represent pieces of the
narrative that correspond to its main key points [25], and
lower levels represent shorter pieces corresponding to
progressively finer points [26-29]. Moreover, we assume
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that a piece corresponding to a particular key point is split
into pieces corresponding to the finer points that elaborate
the original key point, resulting in a tree structure of a
narrative. We see the evidence for this type of memory
representation in the fact that people can easily summarize a
familiar narrative at different levels of detail, which we
believe is achieved by retrieving the node representations at
different tree levels; e.g., retrieving upper nodes evokes the
most abstract memory of a narrative in terms of its most
general points. An implicit assumption made here is that
continuous stimuli, such as a text, are represented by a
discrete set of nodes. This is also supported by experiments
that show humans naturally segment sequential stimuli (e.g.,
movies, personal experiences) into discrete units [30-35].
There is also extensive support for the claim that narratives,
from folktales [36] to oral narratives [21,37], have such a
hierarchical, treelike structure. We argue that this hierarchy
is reflected in the mental representation. Finally, as we
observed in our previous publication [16], people only
remember a fraction of the narrative clauses as attested
by recognition experiments; in addition, it seems plausible
that not all recognizable clauses may be integrated into the
tree representation. We therefore leave the size of the tree N
as a subject-dependent parameter that should be estimated
from the data, as we show below.

The second principle reflects the way people recall a
given narrative based on its memory representation
described above. We assume that people mentally traverse
the tree from upper to lower levels, keeping the inter-
mediate nodes in working memory, to constantly maintain
the integrity of the narrative in mind. It is in this respect that
we believe the recall of meaningful narratives is funda-
mentally different from the recall of random lists of words.
In particular, working memory capacity limits the number
of nodes that can simultaneously be kept in mind, thus
limiting the number of levels that can be reached during
recall. We further assume that when reporting a particular
node during recall, people use a single clause to express the
content of the corresponding piece.

It seems plausible that a specific instantiation of the
memory tree depends both on the narrative structure and on
the way a particular person comprehends and subsequently
memorizes it. Hence, in order to translate the above two
principles into a quantitatively constrained model, we make
a highly simplifying assumption about the statistical
ensemble of trees encoding different narratives of a
particular length in the minds of different people. We build
this ensemble by a recursive self-similar process in which a
narrative is split into up to K pieces by the random
placement of K — 1 boundaries, and each piece is similarly
split into up to K pieces, and so on. We begin this process
from the whole narrative and continue it recursively from
one layer to the next until splitting stops (see details in
Supplemental Material Sec. A [38]). The value of K could
be considered a free parameter to be determined from the

results. We assume however that K is related to working
memory capacity. Indeed, people can effortlessly summa-
rize a narrative at the highest level of abstraction, which in
our scheme would correspond to activating the representa-
tions of the upper-level key points. Therefore, we assume
that narrative representations are constructed in such a way
that summarizing the whole narrative (or any of its mean-
ingful segments) does not overwhelm working memory
capacity and therefore chose K = 4 [42].

We then illustrate the recall process playing out on this
tree, assuming that people systematically traverse the
memory representation by following each route beginning
from the root, until they either reach a leaf or a lowest
reachable (Dth) level [the levels above the gray shaded area
in Fig. 1(a)]. We again consider D = 4 because it corre-
sponds to working memory capacity. The retrieval trajec-
tory is shown in red on Fig. 1(a). One can see that some of
the nodes reached by a retrieval trajectory contain single
narrative clauses, while others contain multiple clauses (up
to 4 for the illustrated tree). Since we assume that each
node, no matter its level, is recalled with a single recall
clause, the length of recall is defined by the number of
retrieved nodes, while each recall clause summarizes the
corresponding number of narrative clauses. It is important
to emphasize that while the ensemble of memory repre-
sentations described above involves a random set of trees,
the hypothesized recall process itself is deterministic; i.e.,
the number of recall clauses and the pieces of the narrative
that each one of them corresponds to are fully determined
by the memory representation of the narrative.

The model described above can be simulated numerically
and solved mathematically, as we show below. The length of
recall (the number of clauses in recall C) averaged over the
ensemble of trees with N clauses exhibits a characteristic
saturating form for increasing N; see Fig. 1(b) for this curve
computed with K = D = 4. Other choices of these param-
eters are illustrated in Supplemental Material Sec. G [38].
We also computed the distribution of the number of narrative
clauses summarized by single recall clauses (i.e., compres-
sion ratios of different recall clauses) shown in Fig. 1(c) for
compression ratios up to 10 and for different N. One can see
that, as expected, for longer narratives the compression
ratios of recall clauses tend to increase.

To obtain the analytical approximations for these
numerical results, we derive a recurrence relation for the
distribution of the number of clauses represented by nodes
at a given level I, P(n'")), with

P(nV) = 8(n'V) = N), (1)

since the upper node represents all of the narrative clauses
retained in memory after acquisition. When a node at level /
with n!) clauses is split randomly into K nodes of level
[ 4+ 1 (some of them empty), the distribution of the size of
each of the resulting nodes can be computed by the “stars
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FIG. 1.

Ensemble of random trees. (a) Schematics of memory retrieval from a random hierarchical representation. An example of a

single realization of the random tree created by the model for N = 42 encoded clauses with branching ratio K = 4 (empty nodes are not
shown). Internal nodes are shown in green, while the terminal nodes (leaves) are shown in blue. The tree generating process starts with
the whole narrative contained in the root node (level 1), which is subsequently split into up to four chunks at the next level. The splitting
continues self-similarly until either a chunk fails to split further (e.g., the blue “3” at level 3) or becomes a single clause (the blue “1s”).
The gray shaded area illustrates the limit imposed by working memory capacity as retrieval starts by descending from the root (retrieved
nodes are shown in red). (b),(c) Comparison between analytical solution and numerical simulations. (b) Mean recalled length C as a
function of the encoded length N. Numerical simulations are averaged over 10* realizations of random trees (see details in Supplemental
Material Sec. A [38]). (¢) Distribution of the chunk size at the Dth level n(?) (D = 4) given root size nV = N; the range between tick
marks in the y axis corresponds to [0, 1]. (d) Distribution of compression ratios scaled by N as a function of the compression ratios
divided by N. Simulations of different N’s are shown in different shades of green. The red dashed line is the asymptotic scaling function

from Eq. (7).

and bars” method [43] by considering all possible con-
figurations of n(¥) stars and K — 1 bars, with a fixed number
n"1) of stars to the left of the leftmost bar. This results in
the following recursive expression (for n(*!) <n, 0
otherwise):

Applying this recursive expression and summing over
intermediate levels results in the distribution of the node
sizes in level D,

Note that Eq. (4) defines a Markov chain; see Supplemental
Material Sec. B [38] for more details. In this version of
the stars and bars model, some of the nodes may end up
being empty (if two or more bars are adjacent), and the
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FIG. 2. Comparison between theory and experiment. (a) Average size of the tree memory representation of each narrative (N)
estimated as explained in the text, plotted vs narrative length (L) for 11 narratives in the dataset. Dashed line corresponds to N = 0.5L.
(b) The mean number of recalled clauses C vs average N for all 11 narratives. Blue filled circles are data. Red dashed line is the
theoretical prediction obtained from Eqgs. (4) and (5) with K = D = 4. Error bars in (a) and (b) are the standard error of the mean.
(c) Normalized empirical histograms of compression ratios for all subjects separately for each narrative, as measured from mapping
recalled clauses back to the narrative clauses. Data for different narratives are shown in color corresponding to the color bar marked with
values of N for each narrative. Solid lines are theoretical predictions obtained from Eq. (4) with K = D = 4. Range between tick marks
in the y axis is [0, 1]. (d) The distribution of experimentally measured compression ratios relative to N approaches the universal scale-

invariant scaling function f in Eq. (7) as N increases.

average number of nonempty nodes at level D will define
the average length of recall C = KP~'[1 — P(n®) = 0)],
which is found to be (see Supplemental Material Sec. B
[38] for derivations and its connection with the Riemann
zeta function)

)

while the renormalized distribution of nonzero node
sizes corresponds to the distribution of compression ratios
introduced above. As N increases, the probability to have
an empty node approaches zero, and this equation therefore
predicts that C saturates at KP~! (i.e., 64 for our choice of
K =D =4) for long narratives. For K =D =4, the
analytical results obtained with Eqgs. (4) and (5) are very
close to numerical simulations, as shown in Figs. 1(b)
and 1(c). In particular, one can see from Fig. 1(c) that as the
narrative gets longer, the distribution of compression ratios
shifts to the right; i.e., recall clauses tend to summarize
progressively bigger pieces of the narrative.

For long narratives, the distribution of compression
ratios normalized by narrative size (s = n/N) asymptotes
to a universal scaling function f(s) (see derivations in
Supplemental Material Sec. B [38]):

m+1

(5)

)Dl’

(6)

1 Cdsp(silspsi). ()

K-1 1 Si4+1 K-2

i ( Si )

In this limit, f(s) is a scale-invariant probability density
function for the normalized compression ratio s, which in
particular implies that the average compression ratios grow
proportionally to the narrative length. The shape of the
scaling function computed with Eq. (7) with K = D =4 is
shown in Fig. 1(d) in red, together with finite-N simulations
from the random tree model.

We compare our theoretical predictions with experimental
data from 11 narratives, ranging from 19 to 194 clauses,
including eight from our previous study [16] and three
selected for this research [44]. Most narratives were either
from Labov’s study [21] or generated by GPT-4 [45] using
Labov’s templates, with edits for clarity and spelling. Two
narratives were sourced from [46]. We used Labov’s clause
segmentation, applying it to GPT-4-generated texts as well.
Each narrative was presented to 100 subjects via Prolific [47],

(8)

P(Sl+1|sl) =
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who were instructed to recall them as accurately as
possible. Following the protocol in [16], we used GPT4 to
segment recalls into clauses, with identical prompts (see
Supplemental Material Sec. C [38]). To compute the com-
pression ratios, we used GPT-4 to map each recalled clause to
its corresponding segment in the original narrative (see
Supplemental Material Sec. D [38]). For each recall clause,
we identified the set of narrative clauses it mapped onto; this
set constituted the narrative segment summarized by the
recall clause, and its length defined the compression ratio for
that clause. Essential to aligning these results with theoretical
predictions is estimating the number of clauses in each
subject’s memory representation (N). We calculated this as
the total number of narrative clauses mapped by at least one
recall clause, assuming unmapped clauses were forgotten or
not integrated into the tree. The average N for each narrative
is approximately half its length, as shown in Fig. 2(a). With
this assumption, average recall lengths and compression
ratios up to 10 align well with theoretical predictions in
Figs. 2(b) and 2(c) without tuning parameters. Figure 2(d)
illustrates that for longer narratives, the compression ratio
distribution relative to NV approaches the scale-invariant form
predicted by Egs. (6) and (7), at a rate similar to correspond-
ing simulations in the same range of N’s shown in Fig. 1(d).

Using compression ratios to quantitatively characterize
recall is intuitively appealing but presents challenges. It
involves mapping individual recalls to original narratives,
which is subjective and time consuming, requiring advanced
language models such as GpT4 [45]. Random checks show
that humans agree on clauses with small compression ratios
(more concrete ones) but often disagree on those with large
compression ratios (more abstract ones). This might be
because mapping abstract clauses requires understanding
both the narrative and the recall, which according to our
model implies constructing corresponding tree representa-
tions and matching them to each other, both of which could
vary between individuals. To test the robustness of mappings
performed by language models, we used the DeepSeek
model [48]. Clause-by-clause comparisons between GPT-4
and DeepSeek revealed inconsistencies, especially for
longer narratives and recall clauses with high compression
ratios. Despite this variability, the statistical features of recall
—the dependence of the average recall length on estimated
size of the tree representations and compression ratio
distributions—align with our theory’s predictions when
using mappings from both models (see Supplemental
Material Sec. F [38] for details).

In summary, our study demonstrates that despite the
complexity of narrative recall, certain statistical trends can
be modeled using two key principles: random treelike
memory representations and a deterministic recall process,
both constrained by working memory. The model accu-
rately predicts the average recall length and the distribution
of compression ratios for recall clauses based on narrative
tree sizes, which we estimated individually for each subject

using large language model-performed mappings. We
found that the average narrative tree size was about half
the total number of clauses. This proportion is lower than
the 70% of clauses retained in memory from recognition
experiments [16], suggesting some retained clauses are not
integrated into the tree. Our model does not address how
memory representations form during the initial acquisition,
which warrants future study, as does narrative production,
which in our view involves recalling autobiographical
events while also adding other information needed to make
the recall understandable. Our narratives were of a single
type, and future research should explore whether our model
applies to other types, like fictional narratives.

The model’s two parameters—the maximal splitting
ratio in the tree and the maximal recall depth—align with
human working memory capacity and were not fine-tuned
to the data. This highlights working memory’s critical role
in narrative recall, a hypothesis for further exploration.
Notably, we observed significant variability in individual
recalls, potentially reflecting differences in working
memory capacity. Indeed, most recall lengths fall between
model predictions corresponding to capacities of two and
six (see Supplemental Material Sec. G [38]), matching the
reported range of working memory capacities [42].
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